Background: Recognizing the different functional parts of genes, such as promoters, translation initiation sites, donors, acceptors and stop codons, is a fundamental task of many current studies in Bioinformatics. Currently, the most successful methods use powerful classifiers, such as support vector machines with various string kernels. However, with the rapid evolution of our ability to collect genomic information, it has been shown that combining many sources of evidence is fundamental to the success of any recognition task. With the advent of next-generation sequencing, the number of available genomes is increasing very rapidly. Thus, methods for making use of such large amounts of information are needed. Results: In this paper, we present a methodology for combining tens or even hundreds of different classifiers for an improved performance. Our approach can include almost a limitless number of sources of evidence. We can use the evidence for the prediction of sites in a certain species, such as human, or other species as needed. This approach can be used for any of the functional recognition tasks cited above. However, to provide the necessary focus, we have tested our approach in two functional recognition tasks: translation initiation site and stop codon recognition. We have used the entire human genome as a target and another 20 species as sources of evidence and tested our method on five different human chromosomes. The proposed method achieves better accuracy than the best state-of-the-art method both in terms of the geometric mean of the specificity and sensitivity and the area under the receiver operating characteristic and precision recall curves. Furthermore, our approach shows a more principled way for selecting the best genomes to be combined for a given recognition task. Conclusions: Our approach has proven to be a powerful tool for improving the performance of functional site recognition, and it is a useful method for combining many sources of evidence for any recognition task in Bioinformatics. The results also show that the common approach of heuristically choosing the species to be used as source of evidence can be improved because the best combinations of genomes for recognition were those not usually selected. Although the experiments were performed for translation initiation site and stop codon recognition, any other recognition task may benefit from our methodology.
are located provides useful information for many tasks. For instance, the recognition of translation initiation sites, donor, acceptors and stop codons [1] is a basic in any program developed to perform a gene recognition task. Most current gene structure prediction programs start with a site recognition step [2] and, once putative sites have been discovered, they try to combine them into meaningful gene structures. It is evident that this site recognition step is crucial as, in most cases, if the sites for a gene are not identified that gene will no longer be considered by the program. On the other hand, if many false positives are detected it is likely that the gene recognition program performance would be seriously damaged. State-of-the-art site recognizers use complex classifiers, namely support vector machines (SVMs), and medium upstream and downstream sequences from the putative sites [1, [3] [4] [5] .
Recent approaches [2] for human gene recognition also make use of the information available for other species to improve the recognition of the functional sites. However, the combination is carried out in a heuristic way. The species used for comparison are arbitrarily chosen, using the widely assumed hypothesis that we must consider moderately distant evolutionary relatives. Furthermore, the classifiers used for recognition of the sites in each species are also arbitrarily chosen. The best classifiers are usually chosen without considering the relevant topic of classifier diversity [6] which is crucial in any combination of learners [7] . It is unlikely that such a process would produce the best possible result. Due to the large number of available species and the large number of different classifiers that can be applied to make use of such information, a systematic method for obtaining the best possible combination is highly desirable.
In this work, we propose a principled approach in which we can consider as many different sources of evidence as available and use as many different classifiers as needed. A rapid validation process constructs a near-optimal combination that achieves a better performance than any of its members. To obtain a method that can be scaled up to as many sources of information as needed, we use a greedy stepwise approach. Two alternatives are designed, one based in a constructive approach beginning with an empty model and another based on a destructive approach beginning with a model considering all available sources of evidence. Then, a stepwise procedure is applied until no further improvement is observed in the obtained model. From the point of view of Machine Learning, these two approaches are usually named as forward selection and backward elimination respectively.
Methods
Our aim is to develop a methodology for combining tens or even hundreds of classifiers for site recognition. From a machine learning perspective, such a problem is usually approached differently depending on the computational cost of the available solutions. The optimum approach is the exhaustive evaluation of all possible combinations of classifiers. However, if we have N trained classifiers, the number of possible combinations is 2 N − 1, which is prohibitive even for moderate values of N. Thus, we must resort to optimization algorithms that will perform a guided search in the space of possible solutions. For the problem of finding the optimal solution, any of the many metaheuristics available in the machine learning literature, such as evolutionary computation [8] , particle swarm optimization [9] , ant colonies [10] or differential evolution [11] , could be used. However, all of these methodologies require the repetitive evaluation of many solutions to achieve their optimization goal. In the problem of site recognition, the evaluation of a possible solution is a costly process due to the large datasets involved. Thus, these metaheuristics are not feasible.
To avoid the computational cost of these metaheuristics, we developed a different approach. We used a stepwise greedy approach in both a constructive and a destructive way, which requires evaluating significantly fewer solutions. The process for obtaining the best combination of classifiers for different species is composed of two main stages: training stage and validation stage. Before starting the learning process, we need the training datasets, the testing dataset and the validation dataset. Without loss of generality and to provide the necessary focus for our description, we will use here the same setup of the reported experiments below. We will address the problem of site recognition in the human genome. To solve this problem, we will use as a test set the sites of a certain chromosome, C. The training set will be all the remaining human chromosomes and the genomes of all the species we want. As validation, we will chose one of the human chromosomes in the training set, V, and remove it from the training set.
For the training stage, we select as many species as could be useful for our problem. We need not select the most appropriate ones because the stepwise validation stage will discard the useless classifiers. Once we have selected the set of species whose genomes we are going to use, we train as many classifiers as we want from those species. For every organism, we can train different classifiers, such as support vector machines (SVMs), neural networks (NNs), decision trees (DTs), the k-Nearest Neighbor (k-NN) rule or the same classifier methods with different parameters. Because the validation stage can consider hundreds of classifiers, any method of potential interest can be used. Again, the validation stage will remove unneeded classifiers.
Once we have the trained classifiers, we will perform the validation stage, whose aim is to obtain the best possible combination of classifiers. For that purpose, we designed two different approaches. Both of these approaches are stepwise greedy approaches. We developed a constructive incremental approach and a destructive decremental approach. In the incremental approach, we begin by evaluating all the classifiers in the validation set V. The best one, c 1 , is added to the set of selected classifiers, which was empty. Then, the evaluation is conducted again using c 1 together with all the remaining classifiers. The best combination is chosen, and a second classifier, c 2 , is added. The process is repeated until the addition of a new classifier does not improve the validation accuracy. The constructive method is depicted in Algorithm 1.
Algorithm 1: Outline of the constructive approach
Data: A set of trained models M = {m 1 , m 2 , . . . , m n }, a validation set V, a combination method( †), C, and a evaluation criterion( ‡), E. Result: The best combination of models B M ⊂ M for combination method C and evaluation criterion E. Return B M †In our experiments we used three different combination methods: sum of outputs, maximum output and majority voting. ‡In our experiments the evaluation criteria used are the area under de ROC curve, the area under de PRC curve and the geometric mean between sensibility and specificity.
For the destructive approach, we start with a model with all the available classifiers, n, {c 1 , c 2 , . . . , c n }. One by one, every classifier is removed from the set, and the set is reevaluated using the validation set. If all of the classifiers have a positive effect on the validation accuracy, the process is stopped. Otherwise, the worst performing classifier is removed and the process is repeated until the stop criterion is met. The destructive method is depicted in Algorithm 2. †In our experiments we used three different combination methods: sum of outputs, maximum output and majority voting. ‡In our experiments the evaluation criteria used are the area under de ROC curve, the area under de PRC curve and the geometric mean between sensibility and specificity.
Another issue must be considered for our approach. We must determine how the different classifiers are combined. In the machine learning literature, combining different sources of evidence for a classification problem is a common task [12] . Although various sophisticated methods have been developed for combining many classifiers [13] [14] [15] [16] , in a practical sense, none of them are able to beat the simpler methods on a regular basis. Thus, we have considered three commonly used simple methods to combine the classifiers: sum of outputs, majority voting and maximum output. These methods are fairly straightforward. The combination using the sum of outputs simply adds together the outputs of all the models. The majority voting scheme counts the classification given by every model and outputs the most common case. The maximum approach uses only the classifier whose output has the highest absolute value.
For these three methods to be useful, we must consider the different ranges of their outputs and the different optimal decision thresholds of the five classification method we will use. To account for the different ranges, all the outputs of the methods were scaled to the interval [ −1, 1]. To account for the different thresholds, we obtain the optimal threshold for each method, th otpimal , by cross-validation and we obtain the effective output of every classifier, which is given by y − th opimal , where y is the actual output of the classifier.
With the three combination methods and the two stepwise algorithms, we have for any performance measure selected six different combinations of models. For any recognition task and any performance measure, we will obtain these six models and return as a final result of our methodology the best combination in terms of crossvalidation performance.
Experimental setup
To test our model, we chose the human genome together with other 20 species. Our aim was to test whether any species, regardless of its closeness with the human genome, could be useful. The following species were considered: 1 . The species-specific RefSeq directories provide a cumulative set of records for transcripts and proteins for those species. Records with no annotation for start or stop codons were eliminated. For every training set, regardless of the species, we removed the genes that were shared with the test chromosome for all the training datasets.
Five classifiers were trained from every dataset: the stop codon method [17] , a decision tree, a k-nearest neighbor rule, a positional weight matrix and a support vector machine with a string kernel. The parameters for every classifier were obtained using 10-fold cross-validation. For learning the classification models we used randomundersampling, for validation and testing the datasets were used unmodified. Thus, a total of 140 models were trained for every dataset.
Another key parameter of the learning process is the window around the functional site that is used to train the classifiers. The value of the window for each classifier was obtained by cross-validation. We Our approach was evaluated using human chromosomes 1, 3, 13, 19 and 21 for testing and human chromosome 16 for validation. These datasets are shown in Table 1 . We used all TISs and stop codons of the CCDS Update Released for Human of September 7, 2011. This update uses Human NCBI build 37.3 and includes a total of 26,473 CCDS IDs that correspond to 18,471 GeneIDs.
As SVMs with weighted degree (WD) kernel has consistently proven to be the best state-of-the-art method for site-recognition [5, 18] we chose this method as our baseline approach. To assure a fair comparison, we considered not only these methods but also all others used in classifiers. Then, for every experiment, we compared our approach to the best performing method in terms of validation performance. In fact, SVM with WD kernel was always the best individual classifier. Table 2 summarizes the hyperparameters used to train the classification models.
To evaluate the obtained classifiers, we used the standard measures for imbalanced data. Given the number of true positives (TP), false positives (FP), true negatives (TN) and false negatives (FN), we used the sensitivity, Sn = TP TP+FN , and the specificity, Sp = TN TN+FP . The geometric mean of these two measures, G − mean = Sp · Sn, will be our first classification metric. As a second measure, we used the area under the receiver operating characteristic (ROC) curve (auROC). However, auROC is independent of class ratios, and it can be less meaningful when we have very unbalanced datasets [5] . In such cases, area under the precision recall curve (auPRC) can be used. This measure is especially relevant if we are mainly interested in the positive class. However, it can be very sensitive to subsampling. In our results, we use all the positive and negative instances for each of the five chromosomes tested, so no subsampling is used. This also yields small auPRC values.
We use these three metrics because they provide two different views of the performance of the classifiers. The auROC and auPRC values describe the general behavior of the classifier. However, when used in practice, we must establish a threshold for the classification of a query pattern. G-mean provides the required snapshot of the performance of the classifier when we set the required threshold.
Results and discussion
As stated, we performed experiments for the recognition of TISs and stop codons to provide the necessary focus. However, our approach is applicable to any recognition task. The experiments had two different objectives. We wanted to know which species were more useful for the recognition of the two functional sites. We challenged the general heuristic method of selecting a species based on biological considerations alone. We also wanted to compare the results using our method with the standard procedure of selecting the best performing model, which is the common approach in the literature. In the following two sections, we discuss the results for TIS and stop codon recognition.
Results for TIS recognition
One of the advantages of our approach is that we can optimize for the performance measure that we are interested in, which can be the G-mean, the auROC, the auPRC or any other measure useful for our application. Thus, we conducted our experiments using three performance measures: G-mean, auROC and auPRC. The first relevant result is that the combination of best models obtained for each measure was different. This means that, depending on the aim of the work, different combinations of classifiers are needed. For each of the five studied chromosomes, we obtained three different combinations of models, each optimized for one of the three measures mentioned above. As a general rule, the constructive method always outperformed the destructive method. The latter always obtained combinations of many more models that exhibited over-fitting and worse performance. It is also interesting to note the homogeneous behavior across the different chromosomes. For all of the five chromosomes, the combination that achieved the best results was the sum for auROC and auPRC and majority for G-mean. The combination based on the maximum output was never the best-performing one. In this latter combination method, the effect of a bad classifier was too harmful to obtain good performance. In this paper, for brevity's sake, only the best models are reported.
Once we established the best stepwise method and the best combination, we examined the results in terms of the species involved in the best combinations. Table 3 shows the models selected for the best combination for each measure and each chromosome. Regardless of the optimized measure, there was only one species that never appeared in the best combination: CE. This result indicates that, although the contribution of certain species is more relevant than others, the information of many genomes was useful for the prediction of human TISs, even those species that are very distant relatives of humans. Another interesting result is the fact that, for the three different measures, auROC, auPRC and G-mean, the obtained combinations of models were quite different. This result indicates that we must consider our aims before designing our classifier. In most previous works, that is not taken into account.
Regarding the classification models, PWM was never chosen. The stop codon method was chosen for EC and Chrom. Obj. # S C K P W S C K P W S C K P W S C K P W S C K P W S C K P W S C K P W Table 3 The table shows the models selected for all methods and the five studied chromosomes for TIS recognition (Continued)
S stands for stop codon method, C for C4.5, K for k-NN, P for PWM and W for a SVM with a WD string kernel SM. The decision tree trained with the C4.5 algorithm was selected several times, but the k-NN rule and the SVM with a string kernel were the most frequently selected methods. The case of k-NN is remarkable as it is not usually used for this task [1, 17, 19, 20] . It appears that the diversity that k-NN introduced in the models was useful for the overall performance of the combinations, despite of the fact that k-NN alone showed worse performance than an SVM alone. In classifier ensembles literature [6] is already stated that classifier diversity is a desired feature for improving the performance of the ensemble. Thus, the diversity introduced by these models might be the reason of their inclusion in the best combination. EC, CLF, MaM and PT were the species most frequently chosen. It is interesting to note that HS was seldom used. With respect to the three different objectives, optimizing the G-mean showed the most stable results. For the five chromosomes, the selected models were always the SVM method for MaM and PT. For auROC, seven or eight models were selected. The SVM method was always chosen for MaM and PT, but the remaining methods and species depended on the chromosome. This is another interesting result because most TIS recognition programs mainly rely on common models for any task. Finally, for auPRC, significantly more models were selected, from 27 to 33, with a significant variation between the chromosomes. Here, the large number of negative samples made this task harder than optimizing the other two criteria.
The next step was to compare the performances of our approach and the standard method of choosing the best performing classifier. Overall results for TIS recognition problem for the five studied human chromosomes is shown in Table 4 . A first conclusion is that the stepwise method was able to improve the standard approach for all three measures and all five chromosomes. The improvements in auROC, auPRC and G-mean are shown in Fig. 1 . The table also shows the ability of our approach to find the combination in a reasonably short time. In the worst case only 3708 seconds are needed. The differences were significant. For G-mean, in the worst case, the improvement was 6.19 %, and in the best case, it was 9.23 %. For auPPRC, the results were even better, from 7.64 to 9.31 %. For auROC, the improvement was less significant, but it still ranged from 2.60 to 4.56 %. Table 5 shows the relative improvement of our approach in terms of the numbers of true positive, false negatives, true negatives and false positives. In the table, we can see how our approach was able to improve the false negative results for the case with least improvement by 46 % and for the case with largest improvement by 65 %. Most of the programs for gene recognition used nowadays include a first step of TIS recognition. From that step the corresponding methods are used to obtain the whole gene structure prediction. A gene whose TIS is missed by this step would be completely ignored by those program. Thus, the proposed method as it improves the TIS recognition accuracy would be able to improve the performance of any of these gene recognition programs.
Furthermore, our method was also able to improve the false positive rate, from 15 to 52 % depending on the chromosome. This is a significant reduction in the number of putative TIS that are fed to any gene recognition system so a significant improvement in its accuracy might also be expected. This would be especially true when the large amount of false positives found by the standard approach is an actual problem for any automatic annotation system. We must bear in mind that any wrong putative TIS may end in a false gene being recognized. Figure 1 also shows the improvement of our approach with respect to the standard method for auROC and auPRC measures. 2 Figures 2, 3, 4 , 5, and 6 display the ROC and PRC curves for all the described datasets. The figures show that our approach obtained a better shaped curve in all cases and for both measures. This is interesting as it means that regardless of the classification threshold set our method would always beat the standard approach.
Results for stop codon recognition
As previously stated we also addressed the problem of stop codon prediction. From the point of view of performance considerations stop codon recognition is a harder problem than TIS prediction. For TIS prediction we have only a codon to consider, for STOP codon three different codons could be a stop codon, thus the number of putative stop codons is multiplied by three, making the problem more imbalanced and difficult. As an example, the best current method found more than six million false positive stop codons for the five tested human chromosomes. Any program for gene recognition would be very negatively affected by such huge number of wrong putative stop codons. However, this also means that the possibilities for improving the performance of the current methods for this problem are higher. As stated, one of the advantages of our approach is that we can optimize for the performance measure we are interested in, whether it is G-mean, auROC, auPRC or any other useful metric. Thus, as for TIS recognition, we carried out experiments using three performance measures: G-mean, auROC and auPRC. Again we found that the combination of best models obtained for each measure was different. In fact, more variation was found for stop codons than for TIS recognition. For each of the five studied chromosomes, we obtained three different combinations of models, each one aiming at optimization of one of the three measures mentioned above. Table 6 shows the models selected for the best combination for each measure and each chromosome. As it did for TIS recognition, the constructive method always outperformed the destructive method. The latter always obtained combinations of more models that yielded to over-fitting and worse performance. It is also interesting to note the homogeneous behavior across the different chromosomes. For all five chromosomes, the combination that achieved the best results was the sum for auROC and auPRC and the majority for G-mean. There was only one exception, the best combination method for G-mean for chromosome 13 was the maximum. However, the combination based on the maximum output was the best-performing method just for this one case. In this latter combination method, the effect of a bad classifier was too harmful to obtain good performance. In this paper, for brevity's sake, only the best models are reported.
Regardless of the optimized measure, there were a few species that never appeared in the best combination: AC, DM, FA, GG, SM, and DR. As was the case for TIS recognition, although the contributions of certain species were more relevant than others, the information from many genomes was useful for the prediction of human stop codons, even those species with a large distance from the human genome. It is interesting to note that classifiers trained on the human genome were used just once and for mRNA HS sequences only four times. The analysis of the behavior showed that the information found in the human genome was redundant after a few other species were added and then its inclusion did not improve the overall performance.
For the three different measures, auROC, auPRC and Gmean, the obtained combinations of models are quite different. That means that we must consider which our aim before designing our classifier. This same behavior was observed for TIS recognition. However, here the situation is less stable, with more variations among chromosomes.
Regarding the classification models, PWM was never chosen. The stop codon method was chosen for several species, specially for mRNA sequences. The decision tree trained with the C4.5 algorithm was selected several times, but the k-NN rule and the SVM method with a string kernel were the most frequently selected methods. These results are similar to the ones obtained for TIS recognition.
Table 6
The table shows the models selected for all methods and the five studied chromosomes for stop codon recognition (Continued) With respect to the three different objectives, optimizing the G-mean showed the most stable results. For the five chromosomes, the SVM method for MaM and PT was always selected, with the exception of chromosome 3. However, additional models were selected for each chromosome that varied from one to annother. Surprisingly, CE was selected for chromosome 3, despite its large evolutionary distance to human. This result supports the idea that selecting the genomes in an intuitive way is not optimal. For auROC, four or five models were always selected, although not the same models for every chromosome. The SVM method for MaM and PT was always chosen, but the remaining methods depended on the chromosome. This is another interesting result because most stop codon recognition programs rely on common models for any task. Finally, for auPRC, significantly more models were selected, from 10 to 22, with a significant variation between the chromosomes. The next step was to compare the performances of our approach and the standard method of choosing the best performing classifier. A summary of the results for stop codon recognition of the five studies chromosomes is shown in Table 7 . The first interesting result is that the proposed approach beat the standard approach for all measures and all chromosomes. The improvements in auROC, auPRC and G-mean are shown in Fig. 7 . Again, our approach was reasonably fast, in the worst case 9702 seconds were needed to obtain the best combination.
The differences were significant. For G-mean, in the worst case, the improvement was 6.54 %, and in the best case, it was 13.09 %. For auPPRC, the results showed an improvement from 2.14 to 7.40 %. For auROC, the improvement was also significant, ranging from 4.00 to 7.84 %. Table 8 shows the relative improvement of our approach in terms of true positives, false negatives, true negatives and false positives. From the table, we can see how our approach was able to improve the false negative results in the worst case by 35 % and in the best case by 66 %. This is a relevant reduction, as many of the current gene recognition programs rely on the classification of stop codons; therefore, it is very likely that the genes whose stop codon is not correctly predicted would be missed by the gene recognizer or at least wrongly predicted. Furthermore, our method was also able to improve the true negative rate, from 1 to 5 % depending on the chromosome. Therefore, any annotation system that uses our approach would have a significantly reduced set of putative TISs and better expected performance. This is especially true when a large amount of false positives is found the by the standard approach, which is an actual problem for any automatic annotation system.
The improvements for auROC and auPRC values are also shown in Fig. 7 . The actual ROC and PRC curves are shown in Figs. 8, 9 , 10, 11 and 12. These figures show Figure 7 also shows the improvement of our approach with respect to the standard method for auROC and auPRC measures. Figures 8, 9 , 10, 11, and 12 display the ROC and PRC curves for all the described datasets. The figures show that our approach obtained a better shaped curve in all cases and for both measures. This is interesting as it means that regardless of the classification threshold set our method would always beat the standard approach and that indicates improved performance for any given threshold. As a final comparison, we performed a Wilcoxon test to compare the results of our approach as the best current method for both TIS and stop codon prediction. we used the Wilcoxon test for comparing pairs of algorithms. We chose this test because it assumes limited commensurability and is safer than parametric tests, because it does not assume normal distributions or homogeneity of variance. Furthermore, empirical results [21] show that this test is also stronger than other tests. The p-value of the test was of 0.005062 for the three evaluation measures, auROC, auPRC and G-mean. This means that our approach beat the standard one at a confidence level of 99 %.
Conclusions
In this paper, we presented a new approach for functional site recognition in genomic sequences. The approach consists of a stepwise procedure that can combine tens or hundreds of classifiers trained on different sequences and using genomic information from different species. The approach is rapid and can be used for the recognition of any type of functional site. Our method substitutes the current approach of selecting the species to be used heuristically based on biological considerations. Our results have proven that that methodology is suboptimal because species that are not considered in previous works have been shown useful in our experiments. Although we have focused our experiments on the case of the combination of multiple species, we can also use the proposed approach for combining classifiers trained on different sequences of the same species, or classifiers trained using different parameters or learning procedures.
Furthermore, with our method, we can optimize any measure we are interested in. For instance, in the reported experiments, we have shown how we can focus on the optimization of G-mean, auROC or auPRC measures. The results have shown that the combination of classifiers that optimizes each one of these measures can be very different, supporting our separate approach.
To provide the necessary focus, we restrict the experimental study of our method to TIS and stop codon recognition. The reported results show that the proposed method exhibits improved sensitivity, specificity, auROC and auPRC compared with the standard approach of using the best available classifier. The results show a remarkable improvement in the G-mean, auROC and auPRC measures. Most of the best state-of-the-art gene prediction systems use a first step of functional site recognition, thus as the proposed method significantly improves this site recognizers it has the potential for improving any annotation system.
Availability and supporting data
The data sets supporting the results of this article are available at http://cib.uco.es/index.php/supplementarymaterial-for-stepwise-site-prediction. The source code, in C and licensed under the GNU General Public License, used for all methods is also available in the same link. The code only uses GPL libraries and so it should be able to compile in any system. SVMs were programmed using the LIBSVM library [22] . 1 The acronyms in parentheses will be used across the paper to refer to the corresponding species. 2 The experiment were always carried out using all the negative samples for evaluating the classification performance. For the worst case the ratio minority/majority class is almost 1:11000, thus low auPRC values are obtained by any method. Only a few thousands FPs among several millions of TNs would obtain a very low precision value. The results for stop codon recognition are worse due to a larger number of TNs sequences.
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